A growing body of evidence indicates that there is a deep effect of noncognitive factors on academic achievement and learning. In this study, we analyzed a set of 31 evaluation instruments designed to measure noncognitive constructs (e.g., self-efficacy, confidence, motivation) within computing education. Using the Lee and Shute framework, we assigned each of the 115 unique constructs found in the instruments into one of the four components (Student Engagement, Learning Strategies, School Climate, Social-familial Influences) and their subcomponents to determine which constructs are most frequently measured. We found that the majority of constructs were designed to measure Student Engagement (Affect and Cognition) and School Climate (Teacher Variables). Constructs measuring Learning Strategies and Social-Familial Influences (e.g., homework strategies, peer influences) occur the least. This study may enable further discussions of what noncognitive factors are/are not currently being measured within the computing education community.
INTRODUCTION
A growing body of empirical evidence indicates that noncognitive factors significantly affect academic achievement and learning [3, 11, 18, 28] . Most importantly, noncognitive factors are strongly related to the limited participation of women and minority students in computer science [11] . Studies have shown that non-majority students often feel that they do not belong in CS, and perceive that CS is the domain of white males, and does not serve socially progressive agendas (e.g. programming for good) nor allow for creative expression [11, 21, 30] .
Farkus defines noncognitive constructs as "...any skills, behaviors, habits, tendencies, traits, and disposition that are typically not measured by tests" (see Figure 1 ) [10] . Examples of noncognitive constructs include self-efficacy, study skills of students, support of family and friends, and sense of belonging [10, 11, 22] . Although the terms cognitive and noncognitive are currently understood as interdependent in the fields of psychology, education, and economics, we concur with Farrington, et al., that maintaining a distinction between the two can shed further light on research-based factors within the field of educational psychology [11] . This study provides a taxonomy of existing research-based evaluation instruments that measure noncognitive constructs in computing education. Our overarching research question is: Which noncognitive constructs are and are not currently being measured in instruments specifically designed for evaluating the impact of computing education?
This meta-analytic research is relevant for CS education researchers who want to strengthen and improve the quality of their research and CS education evaluators intending to utilize rigorous evaluation instruments for measuring noncognitive factors. It is also foundational for practitioners and policy-makers who want to expand the repertoire of existing instruments by creating scales for measuring constructs that are not yet measured [11, 28] .
BACKGROUND
Several frameworks model the affect noncognitive constructs have on student achievement. Farrington et al. identify five categories of noncognitive factors as well as their interdependencies [11] :
• Academic behaviors (attending class, doing homework, etc.)
• Academic perseverance (e.g. grit, self-control, self-discipline) • Academic mindsets (e.g. positive or negative mindsets related to belonging, abilities, competencies) • Learning strategies (e.g. study skills, metacognitive strategies, self-regulated learning), and • Social skills (e.g. interpersonal skills, empathy, cooperation) Farrington et al. make a strong case that not only do these factors influence academic achievement, they also influence later life outcomes, including success in the labor market. They further note that recent research indicates that emphasizing noncognitive learner factors "would yield high payoffs in improved educational outcomes as well as reduced racial/ethnic and gender disparities in school performance and educational attainment" [11, Chapter 1] .
This model focuses on noncognitive factors centered on the learner. In contrast, Marzano's model was developed based on effect size through meta-studies. Three groupings (student-level, teacher-level, and school-level) were created based on the most significant effect sizes [22] . This model includes teacher-level factors (e.g. individual teacher effects, instructional strategies, curriculum design) and school-level factors (e.g. guaranteed/viable curriculum, challenging goals, effective feedback, parental/ community involvement, safe/orderly environment, and collegiality/ professionalism). This model acknowledges the breadth of variables outside students' control that have been shown to impact achievement.
Lee & Shute propose a Personal and Social Contextual Factors framework. Similar to Marzano, their well-defined framework was formed through an extensive analysis of effect sizes reported by several longitudinal meta-studies of the impact of noncognitive factors on learning and student achievement [18] . Like other frameworks, Lee & Shute recognize the reciprocity between the components and subcomponents-they interact and influence each other.
The four major components of this model (Student Engagement, Learning Strategies, School Climate, Social-familial Influences) each have several subcomponents (see Figure 2) . Student Engagement has three: behavior defined as "students' external behaviors indicative of their interest and investment in learning activities"; cognitivemotivational engagement defined as "students' decisions, beliefs, and willingness to expand their efforts to learn and overcome challenging situations"; and emotional engagement defined as "student's affective reactions and feelings toward learning in general, as well as toward school, teachers, and classmates" [18] (pp. [4] [5] .
Learning Strategies also has three subcomponents: cognitive, metacognitive, and behavioral learning strategies. Cognitive strategies refers to "skills that support learners as they develop internal procedures that enable them to perform complex tasks". Metacognitive strategies refers to "the abilities of learners to acknowledge, monitor, and evaluate their own cognitive processes as well as their strengths and weaknesses as learners." Behavioral learning strategies refers to "habitual activities that students employ during learning to manage and control their own behavior...behavior of others...and resources" [18] (p 7). Learning strategies is further divided into individual constructs due to their well-studied impact on student achievement: time management, test-taking strategies, help-seeking, homework management, and test-taking skills.
School Climate is defined as "organizational characteristics that are persistent in and unique to a particular school" with four subcomponents: academic emphasis (students', parents', teachers', and administrators' "perception[s] of the importance of academic achievement"), teacher variables ("what teachers do in the classroom and how they interact with students and other teachers"), principal leadership ("principal's ability to influence the actions of school community members including teachers, parents, students, and district or state personnel"), and other school climate variables (e.g. sufficient resources, appropriate space, extracurricular activities).
Social-familial Influences are influences outside of school that impact student achievement. Lee & Shute note two subcomponents: parental involvement (general attitudinal and behavioral components of parental involvement on student achievement) and peer influences (peer support, attitudes, and achievement levels).
For the remainder of this article, we adapt Lee & Shute's terms, referring to Student-Personal and Social-Contextual as factors, Student Engagement, Learning Strategies, School Climate, and SocialFamilial Influences as components, and any category underneath 
METHODOLOGY
To identify the noncognitive constructs being measured by evaluation instruments designed for computing education, we first needed to identify a set of instruments to study. To do so, we:
• Examined 297 articles published from 2012 to 2016 in the https://csedresearch.org database (2012-2016), noting instruments used in studies [23] keywords (e.g., computer science, inventory, survey, instrument, evaluation, interest, self-efficacy, etc.). After creating the initial set, we solicited the CS education community for additional instruments using the SIGCSE-Members listserv and computing education social media sites. With a total of 47 evaluation instruments, we reviewed each instrument to determine if it measured cognitive or noncognitive factors or assessed programs, or a combination of these. Due to limited space, we include the final list of instruments analyzed in this study in the Appendix of the companion paper published in these same proceedings [7] .
Since noncognitive constructs may explain changes in student success in computing education, we carefully reviewed each of the 31 instruments to identify the noncognitive constructs that they set out to measure. Construct identification was completed by two independent coders. To help ensure inter-rater reliability, each coder was given an initial set of five instruments from which to identify constructs. This was done by examining the instruments and locating articles by the authors that defined the constructs measured. They then compared the constructs that they identified, resolving any discrepancies through discussion. The remaining instruments were divided among each coder, who then independently verified the constructs measured within each.
Many of the constructs found are documented in general education research literature and some in computer science education literature (e.g., sense of belonging, identity, anxiety, grit, interest, cognitive load, self efficacy) [1, 4, 5, 11, 14, 18, 19, 22, 24, 29] . As our use of these constructs in computer science interventions grows, so does our need to organize them for further analysis and discussion. After reviewing several models, we chose to adopt Lee & Shute's model for categorizing the constructs due to its holistic structure in terms of the learning ecosystem. By using this model, we could identify where our current use of psychosocial constructs within these instruments flourish as well as those that fall short, all within the broader context of educational research.
Categorization of the constructs was carried out by the same two researchers who identified the constructs. Full intercoder reliability was achieved since the coders worked together to place the constructs in the corresponding components/subcomponents. To determine proper placement, the formal definitions of the components and subcomponents as defined by Lee & Shute were used. The coders worked together to discuss where each construct (from each of the evaluation instruments) belonged within the framework. For example, Fixed Mindset was measured in one of the instruments. We then took the construct as it was defined in the instrument and evaluated the components and subcomponents. Based on these definitions, we determined that Fixed Mindset was a Student Engagement factor related to Cognitive-Motivational Engagement. From there, we then decided it fit best within the Attribution for Success/Failure category. This process continued until each construct from each of the instruments was assigned to an appropriate subcomponent.
RESULTS
In each of the tables provided, we list each subcomponent and, when available, individual constructs identified by Lee & Shute within each subcomponent. We then show the constructs from the evaluation instruments within each where it made the most sense. For a few of these constructs, placement was less than a perfect match. We note these particular constructs with two asterisks (**).
Student-Personal: Student Engagement
We found many constructs for Student Engagement across the 31 instruments (Table 1) . Lee & Shute identify seven constructs in the Cognition subcomponent (e.g., Attribution for Success/Failure, Confidence, Goal Orientation) and four constructs within Affect (e.g., Feelings toward school/learning, Interest/Curiosity) as having a profound impact on student achievement. We placed constructs from the instruments in the components where they best fit.
The Cognition and Affect subcomponents are captured more robustly in this set of instruments than Behavior, which only had six constructs. Some are measured more frequently than others. Self-concept, self-discipline, and feeling proud of academic accomplishments were measured less frequently than sense of belonging, self-efficacy, and intent/curiosity. Table 2 provides the set of subcomponents for Learning Strategies. We found that one instrument covered the cognitive strategies category of this model (instances and sources of repairs). Metacognition and behavioral strategies are weakly covered. We particularly note that none of the evaluation instruments evaluated behavioral strategies related to time management, test-taking strategies, or note-taking strategies, although all have been shown to significantly impact student achievement and learning. Table 3 provides the set of constructs for School Climate. Lee & Shute define four constructs under Teacher Variables: Motivation, Affect, Cognition, and Meta-Cognition. We placed constructs from the evaluation instruments in each of these four as appropriate. While there is moderate coverage of the teacher variables across the 31 instruments, many of these are related to technology in the classroom and not particularly focused on computer science education. We also found that one subcomponent, Principal Leadership, receives no coverage and only found one construct across the instruments that covers Academic Emphasis.
Student-Personal: Learning Strategies

Social-Contextual: School Climate
Social-Contextual: Social-Familial Influences
Social-Familial components are not well covered by the current set of constructs within the instruments we analyzed (see Table 4 ). Parental involvement is covered by only four constructs. We placed two constructs within peer influences, although we note that they may not be a perfect fit within the Lee & Shute model.
Summary
We found a total of 132 constructs being measured across the 31 instruments, with 115 of those being unique scales (or subscales) or uniquely contextualized into a program, course, or learning (see Table 5 ). At the component level, over half (56.5%) of the unique constructs measured Student Engagement and almost a third (31.3%) measured School Climate. The least measured were Learning Strategies (7.0%) and Social-Familial Influences (5.2%). The vast majority (75.6%) of unique constructs measured were in just three subcomponents: Student Engagement: Affect (25.2% of the unique constructs), Student Engagement: Cognition (26.1%), and School Climate: Teacher Variables (24.3%). Digging deeper, the 29 unique constructs measured in the Affect subcomponent were found across a subset of the 31 evaluation instruments, indicating that instrument authors have developed different instruments that measure a similar construct. For example, six instruments measure the construct Interest in CS: Computing Attitudes Survey [8] , BA-SICS Study Student Implementation Questionnaire [26] , Computer Science Attitude Survey [17] , Robotics Activities Attitudes Scale [6] , and Computer Science Attitude and Identity Survey [31] .
The fewest constructs measured were School Climate: Principal Leadership (0 constructs found), Learning Strategies: Cognition (1), School Climate: Academic Emphasis (1) , Learning Strategies: Behavior (2), and Social-Familial Influences: Peer Influences (2).
DISCUSSION
This works applies a well-established taxonomy of noncognitive factors in K-12 learning (Lee & Shute) to the current body of instruments in the computing education literature, using a categorization that has not been previously accomplished in our field. There are several limitations. The study is based on a framework that was designed based on studies from K-12 education. Therefore, though it may identify gaps in the instruments, it may miss others in higher education. Likewise, we worked with a limited set of evaluation instruments (31) . Adding additional instruments to the set could improve the robustness of the list of noncognitive constructs that are measured. We hope that this study initiates further discussion within the computing education research community, addressing questions such as:
(1) What is the nature of computer science learning, including knowledge, engagement, instructional and learning strategies, and social and contextual factors? (2) What are our models of learning in computer science education, and how do these incorporate noncognitive factors? (3) What assessments are needed to measure critical cognitive and noncognitive factors in computer science learning? (4) How well does the current body of valid measures meet the community's needs to measure diverse and informative theories of change? (5) What additional measures are needed to determine computer science implementations, outcomes and mitigating factors?
This current study has made a critical contribution to answer questions 1, 2, and 3, and provides an analysis of question 4 based on the Lee & Shute framework and the current published computer science research literature. For question 5, about additional measures needed (and if we take the Lee & Shute framework as a given representation of the noncognitive domain in computer science education), Table 5 indicates: (1) there is currently a large number of constructs within most dimensions of student engagement, (2) measures of very few constructs within the learning strategies factor currently exist, (3) a very large number of teacher variable constructs have existing measures, although principal leadership and school climate academic emphasis measures are lacking and (4) a small number of measures exist for social-family influences. These results suggest that a focus on the development and validation of learning strategy measures (for a variety of constructs and in a variety of contexts) is arguably a top priority.
The work to organize psychosocial constructs is promising in a number of ways. First, this work may help identify the participants who are measured more frequently. It may reveal that our instruments provide little data on women and underrepresented minorities and therefore little information on the constructs that predict success among these populations. Further, this organizational structure may also reveal that we primarily measure student participants, and that we have not adequately expanded our analyses to include classroom, school, and district-level variables that contribute to student success.
Second, an organizational structure may help to determine which constructs and components account for the greatest variance in student success. We recognize that one next step is to gather effect size information that connects constructs and components of the framework to measures of student success. This may open the door for synthesis research and meta-analyses that look across studies to find effects that may otherwise not appear [16] .
Finally, many programs currently measure identity and belonging among computer science students. These related constructs are occasionally used synonymously or as a single set of items for measuring both. This framework may move us toward greater sensitivity among all our instruments to differentiate closely related constructs. Improved sensitivity may also help reveal the difference between learning computer science and other STEM disciplines [15] . For example, Lishinski et al. (2017) reveal that students have strong emotional reactions to programming exercises, a psychosocial construct that may be unique to CS and that may explain some of the variance in student success [20] .
CONCLUSION
The analogy we often use to guide this work is that we are looking for the psychosocial equivalent of the periodic table to help researchers see the landscape of constructs that inform student success, to understand the unique weight of each construct for whom and under what conditions, and to reveal gaps in our toolbox of psychosocial measures. Researchers and evaluators face an ever growing number of possible tools to help measure interventions, and as these tools grow, we must collectively become adept at matching the most sensitive and accurate instruments to more discerning and unique theories of change. To do that, we need a framework that serves as a concept map and also a guide telling us whether the instrument will validly and reliably measure our theory. Our use of the Lee & Shute framework is only a starting point in the classification of evaluation instruments designed for computing education research. We encourage researchers and evaluators to offer critiques that expand upon and improve the framework and the instruments as well.
